This paper examines time-varying measures of term premiums across ten developed economies. It shows that a single factor accounts for most of the variation in expected excess returns over time, across the maturity spectrum, and across countries. I construct a global return forecasting factor that is a GDP-weighted average of each country's local return forecasting factor and show that it has information not spanned by the traditional level, slope, curvature factors of the term structure, or by the local return forecasting factors. Including the global forecasting factor in the model produces estimates of spillover effects that are consistent with our conceptual understanding of these flows, both in direction and magnitude. These effects are illustrated for three episodes: the period following the Russian default in 1998, the bond conundrum period from mid-2004 to mid-2006, and the period since the onset of the global financial crisis in 2008.
Introduction
To account for variation in the global pricing of risk that may have spillover effects across countries, I introduce two new elements into the Cochrane-Piazzesi framework. The first one is to modify the model to allow the pricing of risk over time to be affected by a global return forecasting factor, which is orthogonalized to each country's local return forecasting factor. (For each country, I verify that the local return forecasting factor is a valid predictor of excess bond returns locally before incorporating it into the global return forecasting factor.) This global factor is meant to capture those aspects of "global risk appetite" that may not be evident in the behavior of each country's forwards alone. I am agnostic about exactly what process characterizes this global pricing of risk: Its effects may include short-term capital flows associated with flight-to-quality motives or with global portfolio rebalancing, as well as some of the more persistent cross-border effects associated with global liquidity conditions, such as the global savings glut which has been identified as a driver of low risk premiums in the mid 2000s by Ben Bernanke.
The second innovation of the paper is on the data side. In order to identify the potential role of international spillover effects I propose using higher frequency (daily) data on yields than is common in the term structure literature. The advantage of using high-frequency data is that I observe many episodes during which variation in yields appears quiescent, followed by a news announcement in one country which appears to lead to a rise (or fall) in risk premiums across countries. Daily estimates of term premiums enable one to identify any discrete jumps following sudden increases or decreases in global risk appetite, as I discuss in more detail in the examples in Section 5. It is this discreteness in the adjustment of term premiums that I exploit in order to identify the role of international spillover effects, such as flight-to-quality flows in periods of financial and economic turmoil. I find that the effect of the global forecasting factor on U.S. and German term premiums estimates appears to correspond, in both sign and magnitude, to narrative evidence about periods in which flight-to-quality, savings-glut, or analogous international capital flows had a significant impact on the pricing of their government bonds.
The basic idea behind my approach is as follows. I extend the model of one-year risk premia in Cochrane and Piazzesi (2005) by modeling the term structure of risk premia, and forecasting the return forecasting factors along the lines described in Cochrane Piazzesi (2008) , via the traditional level, slope, and curvature yield curve factors. This of course implies that the movement of yields over time is captured by the return forecasting factor, and that the variation across yields in the cross section is adequately characterized via these traditional three yield curve factors. The estimation procedure, therefore, uses these yield-curve factors to forecast the return forecasting factors, which in turn forecast excess returns, over time and across the maturity spectrum.
The model exploits information from both domestic and international bond markets to predict the future behavior of excess returns. This approach is based on the insight that the difference between an estimate of the term premium that accounts for this global pricing of risk, and one identified exclusively off of variation in the local (defined here as country-specific) pricing of risk may reflect spillover effects across countries, the effects of short-term international portfolio capital flows, and the like.
Across countries, the model's term premium estimates appear reasonable and are consistent with estimates from other well-known term-structure models for the U.S. Like Wright (2010) and others in this literature, I find that term premiums appear to have declined gradually across developed economies since the early 1990s. The analysis yields several other interesting findings. First, at the descriptive level, and as mentioned previously, I document that a single factor accounts for almost all of the variation in bond excess returns across all the countries in the sample. Second, I show that this factor has information not spanned by the traditional level, slope, and curvature factors used in term-structure models. Third, I find that a global factor, constructed by combining each country's RFF into a single GFF, each weighted by its respective GDP, has information not spanned by these traditional factors, or by the local RFFs. I find that the including the GFF in the model produces estimates of spillover effects that appear consistent with our conceptual understanding of these flows, both in direction and magnitude. For example, following the Russian default and LTCM bailout in the fall of 2008, one finds a sharply negative impact of this GFF on U.S. term premiums, which conforms to the conventional wisdom of flight-to-quality motives driving international capital flows during that period. Similarly, in the bond conundrum period from mid 2004 to mid 2006, the GFF effects suggest that the U.S. term premium, and so its long-term yields, were roughly 50 basis points lower than they otherwise would have been, an estimate that is consistent with the gap left unexplained by the literature.
The approach I just described does not apply no-arbitrage constraints in estimating term premiums across the countries in the sample. While estimating a full affine term-structure model across countries would of course be desirable, the data of many of the countries studied do not allow one to do so (not without imposing a degree of inflexibility that the data do not appear to support, at least at a daily frequency, where liquidity issues can lead to dislocations across forward rates). However, I do estimate an affine term-structure model for four of the countries that have sufficient liquidity to support the no-arbitrage restrictions on their daily zero-coupon yields, and whose market prices of risk appear to be determined by the covariance of the level shock with excess returns: the U.S., U.K., Germany, and Japan. The results, reported in Appendix A, appear quite close to those in the paper.
The remainder of the paper is organized as follows. To set the stage, I start by providing a brief description of the data, then discuss the evidence across countries of a single factor accounting for most of the economically relevant variation in excess returns. Section 3 describes the model and Section 4 the steps of its empirical implementation. Section 5 presents the term-premium estimates across countries, and Section 6 concludes.
Bond Return Regressions

Data
I obtained or estimated local currency zero-coupon government yield curves at the monthly frequency for all ten countries from the early to mid 1990s to April 2011, and at the daily frequency for six of those countries from January 1998 to April 2011. Table 1 lists the sources, frequency, and sample periods of these ten yield curves. All the yields used are continuously compounded and at maturities of 1 to 10 years. Quarterly GDP data to construct the GFF come from the OECD.
Notation
is the log price at time t of an n-period zero-coupon bond, and
is its log yield, where maturity  and  are defined in years. Let the one-year log forward rate between periods  +  − 1 and  +  be the differential in log bond prices,
and the excess (over the alternative of holding a one-year bond to maturity) log holding period return (here an annual return)
from buying an n-year bond in period t and selling it as an n-1-year bond at time t+1 be:
I define the term premium of an n-year bond as the excess return from buying the bond in period t and holding it until maturity relative to the alternative of rolling over 1-year bonds over the same period
his should equal the sum of excess holding period returns from an n-year bond over the next n-1 years, as Equation (6) in CP (2008) states:
This implies that a reasonable estimate of future expected excess holding period returns will also be a reasonable estimate of the expected term premium. I turn next to estimating this term structure of excess returns.
Estimating Return Forecasting Factors
Cochrane and Piazzesi (2005, 2008 ) identify a return forecasting factor with considerable forecasting power for future excess bond returns that is not fully spanned by the first three principal components (level, slope, curvature) traditionally used in TS models. 2 In related work, Duffie (2008) estimates a five-factor TS model for the U.S., identifying a fifth factor with a negligible impact on the cross section of yields, but with important information about expected future short rates and excess bond returns.
One advantage of CP over models such as Duffie (2008) is the possibility to use their return forecasting factor to identify a global return forecasting factor, but via a term-structure model whose parameters are tailored to the cross-section of each country. It appears difficult to get robust estimates of the fourth and fifth principal components across models and data sets. For example, Dai, Singleton, and Yang (2004) find that the fourth and fifth principal components are quite sensitive to the smoothing technique used to construct the zero coupon data. 3 A second advantage of the CP model is that it appears to capture some of the forecasting power of these fourth and fifth principal components, while avoiding the volatility and possible lack of robustness from introducing them separately.
CP's (2008) model draws on two stylized facts which I replicate in three steps for the ten countries in the sample:
1. The first principal component from the covariance matrix of excess returns accounts for almost all of the variation in excess returns over time.
2. There is considerable information in forward rates that can be used to forecast bond excess returns and that is not spanned by the traditional level, slope, and curvature factors of term structure models. 
finding that a single factor accounts for most of the variation in expected excess returns across maturities across the countries in the sample. In Figure 1 , I display the coefficients from running this regression for the sample countries, all of which exhibit the familiar tent-shaped pattern identified by CP for the U.S. This elegant result across countries implies that one can harness the predictive power of all these forward rates via a single linear combination, so that:
2 Litterman and Scheinkman (1991) review this literature. 3 They find that the coefficients on the first two principal components are very similar across the four data sets they consider, unsmoothed Fama-Bliss (UFB), Fisher-Waggoner cubic spline (FW), Nelson-Siegel-Bliss (NSB), and smoothed Fama-Bliss (SFB), but that "as we move out the list of PCs, the magnitudes of the coefficients become increasingly different across data sets. For PC5, the differences are large with the magnitudes being positive for the choppiest data (UFB) and then declining monotonically to large negative numbers as the zero data becomes increasingly smooth. That the variation in yields associated with the fifth PC in data set UFB is 'excess' relative to the variation in the yields from other datasets is seen from Table 5 . The volatilities of the first three PCs are quite similar across data sets. However the volatilities of PC4 and PC5 are larger in data set UFB than in the other data sets... These differences, that largely show up on the properties of the fourth and fifth PCs, are entirely attributable, of course, to the choice of spline methodology used to construct the zero coupon yields. What seems striking is how much even small differences in the smoothnes of the zero curves affects the properties of the PCs" (DSY, 2004, pp. 8-9) .
CP interpret this forecasting power of lagged yields as resulting from measurement error (that is, small i.i.d. measurement errors over time) rather than reflecting an economic phenomenon.
CP (2008) also show that a single factor accounts for over 99 percent of the variation in 1-year excess returns in U.S. Treasuries. They measure this fraction as the ratio of the largest eigenvalue of the covariance matrix of excess returns relative to the sum of all the other eigenvalues. I run this exercise for the countries in the sample, with results reported in the last column of Table 2 . I find that a single factor accounts for at least 98 percent of the variance in excess returns for all the countries in the sample except Finland and Australia, where it still accounts for around 90 percent.
Second, I construct local return forecasting factors for each country in the sample. CP (2008) construct their return forecasting factor   by weighting the expected excess returns for each maturity by the eigenvector  0  corresponding to the largest eigenvalue of the first principal component of forward rates:
As the  0  are tent shaped, and   is made up of positive numbers, CP (2008) show that because the regression coefficients of each maturity return on forward rates are all proportional, then if I start with the regression forecast of each excess return,
and premultiply by  0  I get that the return forecast factor is the linear combination of forward rates that forecasts the portfolio  0
With the single factor restriction, then, I can combine all the excess returns across the maturity spectrum into a single weighted average, with   serving as the weights. 4 Third, I confirm that the RFF's have information that is not spanned by the traditional level, slope, and curvature factors of conventional term structure models. Table 2 reproduces the  2 from Table 2 of CP (2008), showing that the local RFF's account for a similar share of the total variation in other countries' excess returns as CP find for the U.S. The first three columns of Table 2 report the  2 from regressing average excess returns across maturities on the traditional level, slope, and curvature factors. As one can see, while these conventional factors do have some power to forecast excess returns, the  2 reported in the fourth and fifth columns, from regressing average excess returns on the local and global RFF's clearly indicate that some orthogonal movement in expected returns remains. As their forecasting power is not spanned by the traditional three factors, both RFF's should be included in the model. Figure 2 displays monthly estimates of the global and local RFF's across all ten countries in the sample, which exhibit a striking degree of comovement over time. Table 3 reports the correlations between each of these monthly local RFF's and the monthly global RFF, which in general appear quite intuitive. The U.S.'s RFF has the highest correlation with the GFF, with the U.K. and Germany's correlation coefficients both above 0.75. Not surprisingly, there is a higher correlation between the European RFF's in the sample than between each of them and Japan, whose RFF has the highest correlation with Australia's, at 0.58.
Model
CP (2008) document that their return forecasting factor shares important dynamics with the level, slope, and curvature factors of the yield curve. Hence, one can run a vector autoregression on the RFF and these three factors to predict the RFF a few periods ahead, and on the basis of this prediction, construct expected excess holding period returns. These additional factors are formed by an eigenvalue decomposition of the covariance matrix of forward rates, after orthogonalizing them with respect to the local RFF. This procedure also ensures that each of these factors retains virtually no information to forecast excess returns.
Local Return Forecasting Factor Model Consider a matrix of variables   made up of the local RFF, x  , and the three eigenvalue decomposition factors of the forward covariance matrix, each orthogonalized to x. Let the dynamics of   be characterized by a Gaussian vector autoregression:
One can predict future values of the return forecasting factor x  by estimating the parameters of this VAR via ordinary least squares and iterating it forward. In particular:
or
where
I use Equation (10) to model expected future excess holding period returns and sum them up to get an estimate of today's term premium using Equation ( 
Estimation
The steps to estimate the model are as follows:
1. Estimate the local return forecasting factor, LFF, as described in Section 2, along with the three traditional term-structure factors; 2. Estimate a VAR of the LFF, level, slope, and curvature factors orthogonalized to the LFF to predict future values of the LFF, which in turn predicts future excess returns.
3. Iterate forward the LFF VAR to compute implied forecasts of the LFF: Use the LFF prediction to compute expected excess holding returns. Compute the estimated term premium of a 10-year bond as the average expected excess return of declining maturity for n=2:10 for the non-GFF model. 4 . Combine the LFF's, each weighted by its country's GDP, into a single GFF. Assess how much of variation over time in excess returns can be attributed to the global as opposed to the local return forecasting factor for each country. Orthogonalize the GFF to each country's LFF before estimating a VAR of the LFF, the orthogonalized GFF, and the orthogonalized level, slope, and curvature factors.
5. Iterate forward the GFF VAR to compute implied forecasts of the GFF: Use the GFF prediction to compute expected excess returns. Compute the estimated term premium of 10-year bond as the average expected excess holding period return of declining maturity for n=2:10 for the GFF model.
Monthly to Daily Model
For the monthly model, the vector autoregressions described in Section 3 are estimated as written, via ordinary least squares. However, I must also fit the model to the yield curves of six countries at a daily frequency. To obtain these real-time term-premium estimates, I follow the empirical strategies of Adrian-Moench (2010) and CP (2008), estimating most of the model's parameters at a lower (monthly) frequency, and then apply these parameters to the higher frequency data of interest -in this case, daily data. Measurement error appears to be i.i.d. in the daily yield data which suggests that I will get a better fit for the daily TP estimates from principal components whose weights are identified using monthly rather than daily data. (CP, 2005, make a similar point about the use of monthly versus quarterly data in term-structure estimation).
In the daily version of the model, I aggregate daily yields to a monthly frequency by taking monthly averages. I then compute the local and global return forecasting factors, and extract principal components from the (de-meaned) error term after regressing forward rates on the return forecasting factor. I apply the weights from these monthly principal components to the dataset of daily yields to obtain daily estimates of the model's factors. As the principal components are extracted from de-meaned errors, I must make an adjustment to the daily factors -I apply the monthly principal component weights to the sample average of the error term from the monthly version of the model, and then subtract this vector from the daily factors obtained above. The term premiums of countries thought to be relatively insulated from the financial crisis such as Canada or Japan do not jump dramatically after 2008. In those countries that were more exposed, either directly through their financial sector, as in the case of the U.S. and U.K., or indirectly, through the sovereign debt crisis, as in the case of Germany, term premiums have been higher than before the crisis. The U.K., which is facing a particularly unwieldy fiscal outlook, has seen its term premium rise on a sustained basis by even more than those of the U.S. and Germany. 
Results
Cross-Border Effects
In periods of financial and economic turmoil, such as the period since the onset of the recent financial crisis, or during the Asian crisis in 1998, one finds a sharply negative impact of the global forecasting factor on U.S. term premiums, which conforms to the conventional wisdom of flight-to-quality flows driving international capital flows during such periods.
The charts in Figure 5 illustrate how including the global forecasting factor in the model provides some estimates of international spillover effects. Its top left chart plots the difference in the estimated term premiums with and without the GFF for the U.S., U.K. and Germany in the months following the Russian default, in August of 1998, and the failure of LTCM, in September of 1998. U.S. term premium estimates were about 40 basis points lower than they otherwise would have been, according to the model, while German and U.K. bond risk premiums were largely unaffected.
The next two charts in Figure 5 plot these differences for the U.S., U.K., Canada, and Germany Each entry gives the share of variation in excess returns explained by each of the factors, cumulatively for the first three columns. The fourth column shows the share of variation explained by the local return forecasting factor alone, the fifth column by the local and global return forecasting factor, and the final column the share of the variation in excess returns accounted for by their first principal component. The sample goes from January 1990 to April 2011 except for the Norwegian data, which end in January 2011. 
A Affine Model
In this appendix, I decompose forward rates into average future expected one-month interest rates and the term premium by fitting a homoskedastic, discrete-time affine term structure model of the type considered by Ang and Piazzesi (2003) and Cochrane and Piazzesi (2008) to U.S., U.K., German, and Japanese yields.
A.1 Basic Framework
Consider an ( × 1) vector of variables   whose dynamics are characterized by a Gaussian vector autoregression:
Let   denote the risk-free one-period interest rate. If   contains all the variables of importance to investors, then the price of a pure discount asset (e.g. a zero coupon bond) at time  should be a function   (  ) of the current state vector. If investors are risk neutral, then the price they would be willing to pay should satisfy
For risk-averse investors, Equation (A.3) becomes
with  +1 defined as its nominal pricing kernel. Affine term structure models are derived from a particular pricing kernel which is conditionally lognormal:
where 
which confirms that for this specification of the pricing kernel, risk-averse investors value any asset as risk-neutral investors would if the latter thought the conditional mean of  +1 was
rather than    To give an example, a positive value for the first element of  0  indicates than an asset that delivers the quantity  1+1 dollars in period t+1 would have a lesser value in period t for a risk-averse than a risk-neutral investor, with the size of this difference determined by the size of the (1,1) element of Σ The price of an asset delivering  +1 dollars is reduced by Σ 1  0 1 relative to a risk-neutral valuation, through the covariance between factors i and 1. The term  0 1 might therefore be described as the market price of factor 1 risk. As affine TS models also assume that this market price of risk is itself an affine function of
then substitution of Equations (7) and (2) into Equation (6) yields
and
If the risk-free one-period interest rate is also an affine function of the factors: Ang and Piazzesi (2003) show, the price on an n-period pure-discount bond can be calculated as a function of the state variables.
(from the short rate equation) and .12) and
The -year forward rate is then a function of the difference in these parameters for each period:
and 
A.2 Estimation
Our four factors are observed. We follow this multi-step algorithm to estimate the models' parameters:
1. Estimate Equation (1) by OLS, regressing each demeaned factor on the lagged values of the other factors:
which gives the physical representation of the transition matrix for the model's state variables.
2. Use one-month yields to estimate  0 and  1 via OLS.
3. Choose the market prices of risk to match the cross-section of bond expected returns. Our model states that all but the first column of  1 must equal zero, or for those countries (or cases) where we include the global forecasting factor, the first two columns. We denote the first column  1 We want to estimate the market prices of risk so the model reproduces the forecasting regressions that describe bond expected returns. We have 9 expected returns, each a function of a constant and   , which we want to match with two numbers (up to 8 in other specifications):  01 and  1  To do so, we will have to choose a portfolio to match, so we choose one weighted by   , as it recovers the return-forecasting factor. The assumption of no arbitrage implies 1 =   ( +1   +1 ) (Dybvig and Ross, 1987) where   +1 are holding period returns, which, together with the assumption in Equation (5) that the pricing kernel is exponentially affine, also noting that   +1 = exp(  +1 +   ) implies that
We have a regression model for   ( +1 ) the time series of excess returns to estimate the variance term, and the time series of factor innovations  +1 so we can estimate the covariance term. So we have all the ingredients necessary to determine the market prices of risk.We estimate the market price of risk by setting the regression coefficient of excess returns weighted by   on   to 1, so given that
from imposing the one-factor restriction for expected returns on the right-hand side and the one-factor model for expected returns on the left-hand side, it follows that from isolating the terms that vary with   that
where  +1 =   +1 for those countries in which level shocks dominate, in which case  1 will be 1 × 1. We identify the constant portion of the market price of risk as the value that sets the intercept in the forecasting regression of   ( 0  +1 ) equal to zero,
and substituting in (17) we get an expression for  0
With  0 and  1 estimated, we can now recover risk-neutral dynamics:   =  − Σ 1 and
4. Given the set of  observed forwards rates we then compute the following recursions:
The value for the row  of b  is:
The value for the row  of b  is: 
